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ABSTRACT
Observer-based methods can be used for fault detection and isolation for
switched linear systems. A state observer is constructed based on the physical
system. Changes in the observer error are monitored to detect speciﬁc types
of faults. This thesis uses the mathematical basis to oﬀer a generic format
that can be applied to any linear or switched-linear system. These methods
are then applied to a motor drive system, particularly the DC-AC converter,
in order to quickly detect parameter changes, sensor faults, and switch faults.
Simulations demonstrate that these methods could be used to detect several
diﬀerent fault types. However, the number of distinct fault types that can
be distinguished is limited by the number of states of the system.
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Chapter 1
INTRODUCTION
1.1 Problem Statement and Previous Work
Electric vehicles (EVs) are not a new concept, but in recent years they have
made gains toward mainstream market adoption. They stand as a way to
revolutionize the transportation industry as alternative energy sources grow
[1]. A combination of new technologies and fuel market instability have
pushed more electric vehicles into the market. The three technologies that
have advanced the capabilities of electric vehicles are improved batteries,
improved power electronics, and advanced motor drive controls.
Due to the nature of motor vehicle applications, the market (as well as the
law) has come to expect a high level of safety and reliability under various
harsh environmental conditions. Over many years of use and advances, in-
ternal combustion engines (ICEs) have been improved and adapted to meet
these expectations. In order for EVs to be accepted into mainstream use,
they must meet or exceed the same levels of safety and reliability.
Power electronics has been and continues to be a weak link in the relia-
bility chain, for several reasons. First, the high levels of current that the
components must handle cause heating which leads to thermal damage in
general [2]. The power semiconductors that act as switches are vulnerable
due to rapid switching between high voltage and high current operation [3].
Another weak point is the fact that power electronics tend to require large
capacitor banks for ﬁltering of DC voltages. Various types of electrolytic
capacitors are typical, but they have limited lifespans and are sensitive to
harsh conditions [48].
Condition monitoring is a proven method of improving the reliability of an
engineered system. It ensures that maintenance or minor repair is performed
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before major damage occurs, which would require major repairs or replace-
ment [3]. It is desired to improve reliability of EV motor drives through early
fault detection and isolation, with little to no additional hardware required.
The purpose of this thesis is to present a solution that could be implemented
on a motor control digital signal processor (DSP), using data and sensors
that are already available to the DSP.
There is a vast body of research on motor drive reliability and fault toler-
ance relating to a variety of motor types and control strategies [913]. Rather
than focusing on the machine itself, this thesis will focus on detecting faults
related to the power electronics portion of the motor drive.
Using switched-linear state-space models for power electronics is very use-
ful for developing fault detection and isolation techniques. One method of
fault detection and isolation (FDI) being explored for power electronics sys-
tems is called inversion-based FDI [14,15]. The inversion-based method uses
the left-invertibility of a switched system to recover unknown disturbances.
In contrast, observer-based fault detection, which has been introduced for
power electronics converters by [16], takes a diﬀerent approach. An observer
is ﬁrst constructed based on the state-space model. The the measured out-
puts of the system are compared with the observer outputs and an error is
computed. Under normal conditions, the residual error is nearly zero (as long
as the model is fairly accurate). When a fault occurs, the system changes,
while the observer does not. Thus, the outputs of the system and the observer
diverge, introducing new residual error. The error signal is manipulated for
fault detection and isolation. This thesis is intended to extend the work
of [16] to a broader range of applications, including more complicated power
electronic converters such as motor drive inverters.
1.2 Thesis Organization
Chapter 2 gives a mathematical basis for the observer-based fault detection
approach. First, it reviews some basic state-space model concepts, including
the state observer. It then introduces in generic terms an observer-based
technique for fault detection, which could be applied to a variety of linear or
switched-linear systems.
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Chapter 3 presents the motor drive models under study. A simulation
framework is presented for the case studies, using Matlab/Simulink and
PLECS.
Chapter 4 explores various fault conditions for a motor drive. Fault signals
are derived based on the analysis of Chapter 3. Then simulation results are
presented to demonstrate the eﬀectiveness of the fault detection ﬁlter under
various fault conditions.
Finally, Chapter 5 gives the conclusion of this work, its anticipated impact
on the ﬁeld, and probable directions for continued research.
3
Chapter 2
MATHEMATICAL FORMULATION
2.1 State-Space Model
Consider a linear time-invariant (LTI) state-space model represented by the
matrix equations [17]
x˙ = Ax+Bu (2.1)
y = Cx+Du.
Here, x ∈ Rn represents the state variables of the system, u ∈ Rm repre-
sents the inputs to the system, and y ∈ Rp represents the outputs of the sys-
tem. The matrices A∈ Rn×n, B∈ Rn×m, C∈ Rp×n, and D∈ Rp×m contain the
system parameters which determine the system dynamics and input-output
behavior.
For a given system model of the form in (2.1), it is possible to design an
observer with observed state ˙ˆx and estimated output yˆ such that
˙ˆx = Axˆ+Bu+ L (y − yˆ) (2.2)
yˆ = Cxˆ+Du,
and such that the error of the observer,
 = x− xˆ, (2.3)
is kept to a minimum. This type of observer is called a Luenberger observer
and L is the gain matrix, and is useful for various applications, such as state
estimation. However, the next section will explore the application of the
observer for fault detection and isolation.
4
2.2 Observer-Based FDI Filter Formulation
2.2.1 Observer Design
It is desired to design a Luenberger observer such that the observer error is
not only kept to a minimum, but also can be used to distinguish faults in
the system. Suppose there is an observer whose error dynamics are given by
˙ = −µ, (2.4)
where µ > 0 is a scalar gain constant.
In general, the observer error will be given by [17]:
˙ = (A− LC) . (2.5)
Putting Equations (2.4) and (2.5) together, it is found that
A− LC = −µI, (2.6)
where I is the n×n identity matrix. If the matrix C is invertible, the observer
can be designed with the gain matrix given by
L = (A+ µI)C−1. (2.7)
As long as the A, B, C, and D matrices used for the observer match the
actual system parameters, the observer error will match Equation (2.4). In
such a case, the initial error will depend on initial conditions of the system,
and the error will decay exponentially to zero. How rapidly the error decays
depends on the gain µ.
2.2.2 Fault Observer Error Derivation
For the purposes of this thesis, it is assumed that all parameters and values
for a system are imperfect, but within some tolerance of nominal values. A
fault is deﬁned as the point where these values go outside their respective
tolerance thresholds. Now suppose that the system deviates from the model
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of (2.1) due to some sort of fault which changes its dynamic state equation
as well as the output equation. This can be represented by
x˙ = Ax+Bu+ φ (t) f (2.8)
y = Cx+Du+ θ (t) g,
where φ (t) and θ (t) are time-varying scalars; f and g are constant vectors.
Using (2.8) and (2.2), the dynamics of the observer error (2.3) can be derived:
˙ˆx = Axˆ+Bu+ L (y − yˆ) (2.9)
= Axˆ+Bu+
[
(A+ µI)C−1
]
[(Cx+Du+ θ (t) g)− (Cxˆ+Du)]
= Axˆ+Bu+ (A+ µI)C−1C (x− xˆ) + Lθ (t) g
= Axˆ+Bu+ (A+ µI)x− Axˆ− µIxˆ+ Lθ (t) g
= Ax+Bu+ µI (x− xˆ) + Lθ (t) g
˙ˆx = Ax+Bu+ µ+ Lθ (t) g
˙ = x˙− ˙ˆx
= [Ax+Bu+ φ (t) f ]− [Ax+Bu+ µ+ Lθ (t) g]
˙ = −µ+ φ (t) f − Lθ (t) g (2.10)
= −µI+
[
f −Lg
] [ φ (t)
θ (t)
]
.
The solution to (2.10) can be shown to be [17]:
 (t) = e−µI(t−t0)0 +
ˆ t
t0
e−µI(t−τ)
[
f −Lg
] [ φ (t)
θ (t)
]
dτ
= e−µI(t−t0)0 +
[
f −Lg
] ˆ t
t0
e−µI(t−τ)
[
φ (t)
θ (t)
]
dτ. (2.11)
This result can be analyzed by breaking up the right side of Equation
(2.11). The ﬁrst term, which represents the initial error, decays exponentially.
If µ is large enough, then the ﬁrst term will decay rapidly and have little
eﬀect on the result. The residual error (second term) is the product of two
elements: a constant vector and a time-varying scalar. This is important
because it indicates that, for a given fault case, the error vector will be
conﬁned to span (S), where S is a subset of Rn deﬁned by S = {f, Lg}.
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Most faults will result in f or g being zero. In those cases, the set S becomes
S = {Lg} or S = {f}.
2.2.3 Error-Based Detection Filter
The results of the previous section can now be used to establish criteria for
deciding whether a given component has a fault. Suppose the results of
Equation (2.10) can be simpliﬁed to the form
˙ = −µ+ ψ (t)h, (2.12)
where ψ (t) is some time-varying scalar and h is a constant unit vector. As
will be demonstrated in Chapter 4, this is valid for most fault conditions.
For any possible fault case where Equation (2.12) holds true, one may
establish a predetermined fault vector. This is the result of the −µ decaying
rapidly and the fact that ψ (t) is a scalar. So regardless of the behavior of
ψ (t), the vector ψ (t)h will be conﬁned to the direction of h. Alternatively,
the vector ψ (t)h belongs to span (S), where S = {h}. This is useful because
it allows the detection ﬁlter to seek out faults before they even occur. If there
are k distinct types of faults that one wishes to detect, then there would be
k diﬀerent predetermined fault vectors hi, i ∈ {1, ...k}. Here hi is called the
fault unit vector for fault type i.
So, in order to detect one of the k faults, the detection ﬁlter must decide
whether the h vector present from Equation (2.12) matches one or more of
these hi vectors. Since h is not completely known, the most obvious way
to make this determination is to project the error vector  onto each hi and
check if the result exceeds the tolerance.
These tolerances must be calibrated, but one method of calibration is to
scale each component of the  vector by the nominal values associated
with them. For example, if the nominal state variable values are xnom =[
x1 x2
]T
, then  =
[
1 2
]T
would be scaled to
h¯ =
[
1
x1
2
x2
]T
=
[
1
x1
2
x2
]
. (2.13)
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The nominal values are not speciﬁed because they can be tuned in order
to achieve the desired sensitivity level for each state variable, in order to
accurately distinguish faults. Note that h¯ is not necessarily the same as h
from Equation (2.12), but to an acceptable degree it will be a scaling of h,
provided that µ is suﬃciently large for the −µ term to decay quickly.
To put the above into explicit mathematical terms, the fault signal is
deﬁned as the vector of individual fault signals: ρ =
[
ρ1 ρ2 ... ρk
]T
.
Here, ρi are Boolean variables, each representing a distinct fault associated
with fault vector hi above. These fault signals are then deﬁned by
ρi =
0 a fault of type i has not been detected1 a fault of type i has been detected. (2.14)
Then, based on the above, ρi can be found by
ρi =
0
∣∣h¯Thi∣∣ < λi
1
∣∣h¯Thi∣∣ ≥ λi. (2.15)
Here, λi is a threshold established for each fault type, which can also be
adjusted to the desired sensitivity level. It is possible that a fault of one type
could cause the ﬁlter to indicate multiple fault types. Since the tolerances
for each type of fault can be tuned separately, they can be tuned so that the
greatest magnitude of the inner products h¯Thi will indicate the most extreme
fault. Thus, the operator could set priority of which components need to be
serviced ﬁrst in order to overcome the problem. However, it was found from
simulating several case studies that it is very diﬃcult to distinguish between
certain types of faults. This is especially true with a limited number of state
variables.
Notwithstanding the above limitations, it should be noted that the observer-
based fault detection and isolation strategy presented in this section is not
unique to inverter-fed motor drives or even to power electronic converters.
It can be applied to any system which can be modeled with a linear or
switched-linear state-space dynamic model.
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Chapter 3
MOTOR DRIVE INVERTER MODELING
The purpose of the simulation models used in this thesis is to provide a
generic simulation test bed framework for an electric vehicle motor drive
inverter system. There are many diﬀerent inverter conﬁgurations available,
but the most common is a PWM-controlled six-pulse inverter. Therefore,
this conﬁguration is the basis of the framework used in this thesis for case
studies.
3.1 AC Drive Models
3.1.1 Three-Phase Motor Drive Model
Figure 3.1 shows a circuit representation of an electric vehicle AC motor
drive, including a battery bank, a DC ﬁlter capacitor, a line connecting these
two, a hex-bridge inverter, and a three-phase electric machine (which could
be an induction machine or a synchronous machine).
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CR
LLR
C
iLi
inv
1
2
3
4 6
5
DCv
+
_
+
_
Cv
AC
Motor
ai
bi
ci
Figure 3.1: Three-phase AC motor drive circuit model.
The input variables of the model are taken to be the three phase currents
of the machine ia, ib, ic and the battery voltage vin. The reason that phase
currents are used as inputs is simply because the system being modeled is
the inverter itself, not the motor. So a circuit which better describes the
components of this model is shown in Figure 3.2.
CR
LLR
C
iLi
inv
ai bi ci
1
2
3
4 6
5
DCv
+
_
Motor 
Currents
+
_
Cv
Figure 3.2: Three-phase AC motor drive circuit model.
The state variables of the system are the current ﬂowing in the inductive
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connection to the battery, and the capacitor voltage. Since the relationship
between the inputs and states depends on switch trajectory, the switching
signals are used in the model. These switching signals are deﬁned to switch
between 0 and 1, where 0 means the lower switch for that phase is closed (and
thus the upper switch open), and 1 means the upper switch for that phase
is closed (and the lower switch open). For example, the switching signal for
phase A would be deﬁned by
σa =
0 switch 1 is oﬀ (2 is on)1 switch 1 is on (2 is oﬀ). (3.1)
The state-space equations of this model can then be expressed as
x˙ =
d
dt
[
iL
vC
]
(3.2)
=
[
−RL−RC
L
− 1
L
1
C
0
][
iL
vC
]
+
[
1
L
RCσa
L
RCσb
L
RCσc
L
0 −σa
C
−σb
C
−σc
C
]
vin
ia
ib
ic

y =
[
i′L
v′DC
]
(3.3)
=
[
1 0
RC 1
][
iL
vC
]
+
[
0 0 0 0
0 −RCσa −RCσb −RCσc
]
vin
ia
ib
ic
 .
Here, the prime notation in i′L and v
′
DC represent measured values ob-
tained from sensors, which may vary from the actual values. Using the model
of (3.2), the matrix in (2.7) then becomes
L =
[
µ− RL+RC
L
− 1
L
1
C
µ
][
1 0
−RC 1
]
(3.4)
=
[
µ− RL
L
− 1
L
1
C
− µRC µ
]
.
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3.1.2 Reduced Two-Phase Current Model
This model has special relevance for motor drive control strategies which
involve measurement of two phase currents, but not all three. It is derived
by simplifying the three-phase model above using Kirchhoﬀ's current law
(KCL). Since all of the phase currents ﬂow into the motor, with no other
currents into or out of the motor, the phase currents must sum to zero.
Using this fact allows ic to be expressed in terms of ia and ib:
ia + ib + ic = 0 (3.5)
ic = −ia − ib
σcic = σc (−ia − ib) . (3.6)
The resulting state-space model is expressed as
x˙ =
d
dt
[
iL
vC
]
(3.7)
=
[
−RL−RC
L
− 1
L
1
C
0
][
iL
vC
]
+
[
1
L
RC(σa−σc)
L
RC(σb−σc)
L
0 σc−σa
C
σc−σb
C
] vinia
ib

y =
[
i′L
v′DC
]
(3.8)
=
[
1 0
RC 1
][
iL
vC
]
+
[
0 0 0
0 RC (σc − σa) RC (σc − σb)
] vinia
ib
 .
The observer matrix L for this model is the same as for the previous model,
since the states and outputs have not changed and the A and C matrices are
the same.
3.1.3 Reduced DC-Current Model
The ﬁnal model is further simpliﬁed by eliminating phase currents and switch-
ing signals. This model combines these signals into one variable DC current,
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which is given by
iφ = iaσa + ibσb + icσc. (3.9)
Based on Equation 3.5, only two of the phase currents need to be known,
along with the all three switching signals. Using the model of Figure 3.1
along with (3.9), the equations of (2.1) become
x˙ =
d
dt
[
iL
vC
]
(3.10)
=
[
−RL−RC
L
− 1
L
1
C
0
][
iL
vC
]
+
[
1
L
RC
L
0 − 1
C
][
vin
iφ
]
y =
[
i′L
v′DC
]
(3.11)
=
[
1 0
RC 1
][
iL
vC
]
+
[
0 0
0 −RC
][
vb
iφ
]
.
Again, the observer matrix L for this model is the same as for the previous
two models, since the A and C matrices are the same.
3.2 Motor Drive Observer Error
Using the model presented in Section 3.1.3, the observer equations (2.2)
become
˙ˆx =
d
dt
[
iˆL
vˆC
]
=
[
−RL−RC
L
− 1
L
1
C
0
][
iˆL
vˆC
]
+
[
1
L
RC
L
0 − 1
C
][
vin
iφ
]
+
+
[
µ− RL
L
− 1
L
1
C
− µRC µ
][
iL − iˆL
vDC − vˆDC
]
(3.12)
yˆ =
[
iˆL
vˆDC
]
=
[
1 0
RC 1
][
iˆL
vˆC
]
+
[
0 0
0 −RC
][
vin
iφ
]
. (3.13)
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With this observer the error, as deﬁned in (2.3), can be found from
˙ = x˙− ˙ˆx = A (x− xˆ)− L (y − yˆ)[
i˙L − ˙ˆiL
v˙C − ˙ˆvC
]
=
[
−RL−RC
L
− 1
L
1
C
0
][
iL − iˆL
vC − vˆC
]
−
[
µ− RL
L
− 1
L
1
C
− µRC µ
][
iL − iˆL
vDC − vˆDC
]
. (3.14)
3.3 Case Study Simulation Framework
The simulation framework for the case studies of Chapter 4 was implemented
using Matlab/Simulink and the PLECS circuit simulation toolbox. The main
Simulink block diagram is shown in Figure 3.3. This circuit model presented
in Section 3.1.1 has been implemented as a PLECS circuit model shown in
Figure 3.4. This model includes a constant voltage source representing the
internal battery voltage, a resistor representing the internal battery resis-
tance, an inductor and resistor representing the connection from the battery
to the DC capacitor bank, a bulk DC capacitance including equivalent series
resistance (ESR), a six-pulse inverter controlled by pulse-width modulation
(PWM), and an induction motor with a traction load. The six-pulse inverter
model consists of six insulated-gate bipolar transistors (IGBTs), each with a
reverse diode. Although this thesis only presents simulations of an induction
machine, a three-phase permanent magnet machine would permit the same
inverter and fault detection ﬁlter with the only changes being to how the
machine is controlled.
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Circuit
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qc
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Circuit
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Figure 3.3: Simulink block diagram.
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V_dc
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wm
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Am4
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7
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8
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Figure 3.4: PLECS circuit model for test case.
The other part of the Simulink model is the detection ﬁlter, which includes
a state observer and detection ﬁltering as described in Chapter 2. Model
details and parameters are given in Appendix A. Detection ﬁlter implemen-
tation and Matlab code can be found in Appendix B. The actual Simulink
models used in the case studies are included in Appendix C.
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Chapter 4
CASE STUDIES
4.1 Component Parameter Faults
Using the notation of Equations (2.1), the faults in this section can be de-
scribed by changes in the model's A matrix.
All of the fault cases considered in this section can be modeled using the
reduced DC-current model.
4.1.1 DC Bulk Capacitor Bank
4.1.1.1 DC Capacitance Change
Suppose the DC bus capacitor has degraded, so that the actual capacitance
becomes Cact = C − δC , where δC > 0. Using the model of Section 3.1.3, the
modiﬁed system dynamics become
x˙ =
d
dt
[
iL
vC
]
=
[
−RL−RC
L
− 1
L
1
C
0
][
iL
vC
]
+
[
1
L
RC
L
0 − 1
C
][
vin
iφ
]
+
+
(
1
C − δC −
1
C
)[
0
iL − iφ
]
(4.1)
y =
[
i′L
v′DC
]
=
[
1 0
RC 1
][
iL
vC
]
+
[
0 0
0 −RC
][
vb
iφ
]
. (4.2)
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Applying Equation (2.8), the fault signature can be broken into constant
vector and time-varying scalar components:
φ (t) = (iL − iφ)
(
1
C − δC −
1
C
)
(4.3)
f =
[
0
1
]
(4.4)
θ (t) g = 0. (4.5)
Applying the results of (2.10) then gives the following error dynamics:
˙ =
[
˙i
˙v
]
= −µ
[
i
v
]
+ (iL − iφ)
(
1
C − δC −
1
C
)[
0
1
]
. (4.6)
Thus, based on the notation of Section 2.2.3, the fault unit vector for this
type of fault would be
h1 =
[
0
1
]
, (4.7)
and the equation describing detection of this fault is given by
ρ1 =

0
∣∣∣∣∣∣
[
i
inom
v
vnom
] 0
1
∣∣∣∣∣∣ < λ1
1
∣∣∣∣∣∣
[
i
inom
v
vnom
] 0
1
∣∣∣∣∣∣ ≥ λ1.
(4.8)
4.1.1.2 Capacitor ESR Change
Suppose that the DC capacitor is degrading in a manner such that the equiv-
alent series resistance (ESR) of the capacitor is increasing, which is a common
failure mode for electrolytic capacitors [6]. Such a degradation could be rep-
resented by R′C = RC + δR. The dynamic behavior of the drive system would
17
then be given by
x˙ =
d
dt
[
iL
vC
]
=
[
−RL−RC
L
− 1
L
1
C
0
][
iL
vC
]
+
[
1
L
RC
L
0 − 1
C
][
vin
iφ
]
+
+
(
δR
L
)[
iφ − iL
0
]
(4.9)
y =
[
i′L
v′DC
]
=
[
1 0
RC 1
][
iL
vC
]
+
[
0 0
0 −RC
][
vb
iφ
]
+
+δR
[
0
iL − iφ
]
. (4.10)
Applying Equation (2.8), the fault signature can be broken into constant
vector and time-varying scalar components:
φ (t) =
(
δR
L
)
(iφ − iL) (4.11)
f =
[
1
0
]
(4.12)
θ (t) = δR (iL − iφ) (4.13)
g =
[
0
1
]
. (4.14)
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Applying the results of (2.10) then gives the following error dynamics:
˙ =
[
˙i
˙v
]
= −µ
[
i
v
]
+
(
δR
L
)
(iφ − iL)
[
1
0
]
−δR (iL − iφ)
[
µ− RL
L
− 1
L
1
C
− µRC µ
][
0
1
]
= −µ+
(
δR
L
)
(iφ − iL)
[
1
0
]
− δR (iL − iφ)
[
− 1
L
µ
]
˙ = −µ+ µδR (iφ − iL)
[
0
1
]
. (4.15)
It is not surprising that, due to a cancellation of terms, the fault direction for
a capacitor ESR fault is the same as that for a capacitor fault. Hence, the
fault detection is the same as in the previous section. This is not a problem,
however, since they both point to the capacitor as the faulty component. The
capacitor bank can be isolated as the problem, and thus it would be ﬂagged
for repair or replacement.
4.1.1.3 Simulation Results
The simulation model introduced in Section 3.3 was simulated, with the ca-
pacitor dropping to 80% of its nominal value. As shown in Figure 4.1, the
fault was introduced at time t = 0.5 s, and was detected almost immedi-
ately. As expected, the fault caused error in the capacitor voltage, while the
battery current error remained at zero. Also evident from the plot is that
the capacitor voltage has some residual error, even under no-fault conditions.
The reason for this small error is that current ﬂows through the diodes of
the inverter, which is not taken into account by the ﬁlter. The ﬁlter could be
modiﬁed to compensate for this, but it would complicate the ﬁlter and could
lead to other problems.
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Figure 4.1: Simulation results for a capacitor fault at t = 0.5 s.
4.1.2 Battery Connection Degradation
4.1.2.1 Analysis
Wire connections that carry high current densities break down over time.
This could be caused by weakening of connections on either end, by strands
of wire breaking due to mechanical stress, by strands burning up from over-
current and overheating, by oxidation and corrosion of the wires, or by any
combination of these factors. It is useful to have the capability to monitor
the condition of such lines. One example is the line connecting the battery
to the DC capacitor bank. As shown in Figure 3.1, this line is modeled as a
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series R-L impedance. As this line starts to break down, the series resistance
RL increases. As RL increases, the wire is subjected to higher current (and
thus more strain) in order to deliver the same amount of power. This can
lead to faster breakdown of the line as well as to damage of other components
as the output voltage decreases and the operating current increases.
Suppose such a fault is occurs, and is described by R′L = RL + δL. Then,
based on the model from Section 3.1.3, the degraded system dynamics become
x˙ =
d
dt
[
iL
vC
]
=
[
−RL−RC
L
− 1
L
1
C
0
][
iL
vC
]
+
[
1
L
RC
L
0 − 1
C
][
vin
iφ
]
+
+
(
δR
L
)[ −iL
0
]
(4.16)
y =
[
i′L
v′DC
]
=
[
1 0
RC 1
][
iL
vC
]
+
[
0 0
0 −RC
][
vb
iφ
]
. (4.17)
Applying Equation (2.8), the fault signature can be broken into constant
vector and time-varying scalar components:
φ (t) =
(
δR
L
)
(−iL) (4.18)
f =
[
1
0
]
(4.19)
θ (t) g =
[
0
0
]
. (4.20)
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Then, from (2.10), the resulting observer dynamics are:
˙ =
[
˙i
˙v
]
= −µ
[
i
v
]
+
(
δR
L
)
(−iL)
[
1
0
]
˙ = −µ− iL δR
L
[
1
0
]
. (4.21)
Again using the notation of Section 2.2.3, the fault unit vector for this fault
type would be
h2 =
[
1
0
]
. (4.22)
So the detection of degradation of this line is described by
ρ2 =

0
∣∣∣∣∣∣
[
i
inom
v
vnom
] 1
0
∣∣∣∣∣∣ < λ2
1
∣∣∣∣∣∣
[
i
inom
v
vnom
] 1
0
∣∣∣∣∣∣ ≥ λ2.
(4.23)
4.1.2.2 Simulation Results
The system was simulated with a battery connection fault introduced at
t = 0.5 s. The fault was introduced as a doubling of the resistance between
the battery bank and the DC capacitor bank. The simulation results are given
in Figure 4.2. As expected from Equation (4.22), the fault initiated error in
the battery current, while the capacitor voltage error remained unchanged.
This error was quickly detected by the fault detection ﬁlter.
It is also interesting to compare the error signals between the current error
of this case and the voltage error in the case of the capacitor fault. With the
capacitor, the error is proportional to the capacitor current, which is an AC
value with no DC component (as any DC current would cause continuous,
unsustainable charging or discharging of the capacitor). In the case of the
22
battery line fault, the error also depends on the current. But this time the
current is a DC value because the battery is constantly supplying power to the
inverter. This causes the shape of the error to grow rather than to oscillate.
The error eventually saturates at some constant value, as it becomes canceled
by the e−µt term.
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Figure 4.2: Simulation results for a connection fault at t = 0.5 s.
4.1.3 Battery Fault
All batteries degrade over time and with charge/discharge cycling. A simple
model for a battery is shown in Figure 4.3. Based on this model, there are
two failure modes for a typical battery. One is a drop in the battery's internal
voltage vint. The other is an increase in the battery's internal resistance RB.
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Applying Ohm's law yields the equation for output of this simple model:
vout = vint −RBiB. (4.24)
In this model, vint depends on the battery's state of charge (SOC) which in
turn depends on the state of life (SOL). Estimating SOC and SOL requires
advanced models for a battery, and is beyond the scope of this thesis [18,19].
For the purposes of this thesis, it is assumed that the SOC of the battery is
known.
BR
Bi
intv outv


Figure 4.3: Simple internal circuit model of a battery.
Since a dynamic model of the battery is not being applied here, a state
observer is not necessary. Furthermore, since the battery voltage can be
measured at its terminals, its output voltage is assumed known. Then, the
eﬀective battery parameters can be estimated based on nominal values. If
the nominal value of RB is known, say R¯B, then vint can be estimated using
vˆint = vout − R¯BiB. (4.25)
Likewise, if v¯int is the nominal value of vint based on the SOC, then RB can
be estimated by
RˆB =
v¯int − vout
iB
. (4.26)
Using the results of (4.25) and (4.26), one can compare the estimated
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values with the nominal values:
v =
vˆint − v¯int
v¯int
(4.27)
R =
RˆB − R¯B
R¯B
. (4.28)
If the error terms v and R exceed acceptable tolerances, then the control
would alert the user that the battery needs to be serviced or replaced.
As mentioned earlier, this battery model is very simple, but also fairly
simplistic. No simulations are presented because this technique is so simple
that the results could be easily predicted. However the limitations of the
model used may hinder its ability to satisfactorily detect faults. For example,
the ﬁlter would have diﬃculty with a case where both the internal voltage
and the internal resistance change.
4.2 Sensor Faults
So far, each fault type has had a very simple fault vector. Detecting sensor
faults is more complicated because sensors aﬀect the output equation; sen-
sor error will manifest itself as variations in the C matrix of the state-space
model. As shown in Section 2.2.2, the L matrix depends on the C matrix.
This means that sensor errors are propagated into the observed state dy-
namics. This chapter demonstrates how these errors are detected using the
observer error.
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4.2.1 Current Sensor Fault
4.2.1.1 Analysis
Suppose there is a gain fault in the battery current sensor, described by
i′L = iL (1 + δ). Then the system description will be changed to
x˙ =
d
dt
[
iL
vC
]
=
[
−RL−RC
L
− 1
L
1
C
0
][
iL
vC
]
+
[
1
L
RC
L
0 − 1
C
][
vin
iφ
]
y =
[
i′L
v′DC
]
=
[
1 0
RC 1
][
iL
vC
]
+
[
0 0
0 −RC
][
vin
iφ
]
+
[
1
0
]
δ · iL. (4.29)
Using the notation of (2.8), the fault signal can be broken into a constant
vector and a time-varying scalar:
φ (t) f =
[
0
0
]
(4.30)
g =
[
1
0
]
(4.31)
θ (t) = δ · iL.
Then, from(2.2) and (2.10), the observer error in this case becomes
˙ =
[
˙i
˙v
]
= −µ
[
i
v
]
− δ · iL
[
µ− RL
L
− 1
L
1
C
− µRC µ
][
1
0
]
= −µ
[
i
v
]
− δ · iL
[
µ− RL
L
1
C
− µRC
]
. (4.32)
The ﬁrst term of (4.32) depends only on initial conditions and decays expo-
nentially. The second term consists of a known constant vector scaled by a
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time-varying scalar. That scalar, δ · iL is equal to the error in the current
sensor measurement. Therefore, it is possible to detect this type of fault from
its predetermined direction, which is a simple function of circuit parameters
and the ﬁlter parameter µ.
Now consider the case where the sensor has a bias fault, rather than a gain
fault. This would be described by iLmeas = iL + β. In this case, the fault
vector g would be the same, but the time-varying scalar error θ (t) would
change its form. So the error dynamics would be[
˙i
˙v
]
= −µ
[
i
v
]
− β
[
µ− RL
L
1
C
− µRC
]
. (4.33)
The fault signals for gain fault and bias fault are identical with β = δ · iL,
which is also ascertainable from comparing the two fault descriptions. Based
on the above analysis, the fault unit vector for a current sensor error would
be
h3 =
1
|h3|
[
µ− RL
L
1
C
− µRC
]
, (4.34)
where
1
|h3| =
((
µ− RL
L
)2
+
(
1
C
− µRC
)2)−1/2
. (4.35)
Thus the fault detection would be determined by
ρ3 =

0
∣∣∣∣∣∣ 1|h3|
[
i
inom
v
vnom
] µ− RLL
1
C
− µRC
∣∣∣∣∣∣ < λ3
1
∣∣∣∣∣∣ 1|h3|
[
i
inom
v
vnom
] µ− RLL
1
C
− µRC
∣∣∣∣∣∣ ≥ λ3.
(4.36)
4.2.1.2 Simulation Results
A battery current sensor fault was simulated, with the results shown in Figure
4.4. The measured battery current becomes aﬀected by a bias of β = 0.1
A at t = 0.5 s, at which time the measured current is 0.1 A greater than
27
the actual current. This is immediately evident in the battery current error
signal, as it jumps from 0 to 0.1 A instantly. After that point, both the
battery current error and capacitor voltage error start to grow, since they
are both proportional to the sensor bias as indicated in Equation (4.33). This
did lead to some diﬃculty in sorting fault types, since these signals were used
for the previously discussed fault types. However, it was found that the fault
detection ﬁlter gains could be tuned in order to still distinguish among these
fault types.
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Figure 4.4: Simulation results for a current sensor fault at t = 0.5 s.
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4.2.2 Voltage Sensor Fault
4.2.2.1 Analysis
Suppose there is a gain fault in the voltage sensor for the DC bus, which
could be described by v′DC = vDC (1 + δ). The system equations under this
fault condition are
x˙ =
d
dt
[
iL
vC
]
=
[
−RL−RC
L
− 1
L
1
C
0
][
iL
vC
]
+
[
1
L
RC
L
0 − 1
C
][
vin
iφ
]
y =
[
i′L
v′DC
]
=
[
1 0
RC 1
][
iL
vC
]
+
[
0 0
0 −RC
][
vin
iφ
]
+
[
0
1
]
δ · vDC
=
[
1 0
RC 1
][
iL
vC
]
+
[
0 0
0 −RC
][
vin
iφ
]
+
+
[
0
1
]
δ · (RC (iL − iφ) + vC) . (4.37)
As in Equation (2.8), the fault signal can be broken down into a constant
vector and a time-varying scalar:
φ (t) f =
[
0
0
]
(4.38)
g =
[
0
1
]
(4.39)
θ (t) = δ · (RC (iL − iφ) + vC) . (4.40)
It follows from Equation (2.10) that the observer error in this case becomes[
˙i
˙v
]
= −µ
[
i
v
]
− δ · (RC (iL − iφ) + vC)
[
µ− RL
L
− 1
L
1
C
− µRC µ
][
0
1
]
= −µ
[
i
v
]
− δ · (RC (iL − iφ) + vC)
[
− 1
L
µ
]
. (4.41)
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If the voltage sensor is instead subjected to a bias, i.e. v′DC = vDC + β, then
the observer error expression is simpliﬁed and can be described by[
˙i
˙v
]
= −µ
[
i
v
]
− β
[
− 1
L
µ
]
. (4.42)
Based on the above analysis, the fault unit vector for a voltage sensor error
would be
h4 =
((
− 1
L
)2
+ µ2
)−1/2 [ − 1
L
µ
]
. (4.43)
Thus the fault detection would be determined by
ρ4 =

0
∣∣∣∣∣∣
((
− 1
L
)2
+ µ2
)−1/2 [
i
inom
v
vnom
] − 1L
µ
∣∣∣∣∣∣ < λ4
1
∣∣∣∣∣∣
((
− 1
L
)2
+ µ2
)−1/2 [
i
inom
v
vnom
] − 1L
µ
∣∣∣∣∣∣ ≥ λ4.
(4.44)
4.2.2.2 Simulation Results
The voltage sensor fault was simulated, with a sensor bias of β = 0.01 V
introduced at t = 0.5 s. As can be seen in Figure 4.5, the capacitor voltage
error is very small compared with the battery current error. This is due to
the fact that the inductance is very small and thus the 1/L term dominates
the unit vector h4. This imbalance of the fault type vector makes it very
diﬃcult to distinguish this fault type from other fault types, particularly the
battery line fault. In the simulation, the ﬁlter was able to detect the voltage
sensor fault, but it also triggered a false positive for the battery line fault.
Increasing the line inductance would make it possible to distinguish these
fault types, but it is not practical in practice with actual hardware.
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Figure 4.5: Simulation results for a voltage sensor fault at t = 0.5 s.
4.3 Switch Faults
Switches (power semiconductor devices) are a key component of the motor
drive system. Timely detection and isolation of faulty switches is a major en-
gineering problem. Although there are several types of power semiconductor
faults, they have been classiﬁed into two types: short-circuit and open-circuit
faults. Short-circuit faults are the most destructive, but they are generally
short-lived because of circuit protection measures. Open-circuit faults are
less destructive but more challenging to detect. A technique for detecting
such faults will be presented.
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4.3.1 Short-Circuit Switch Fault
Without loss of generality, consider a short-circuit fault on switch 1. The
switch would stay closed when switch 2 closes. This would result in a short-
circuit of the DC bus, resulting in a very large current which would cause
considerable damage to the system and could result in serious injury or death
of the operator. Fault detection may not be fast enough to prevent damage
to the system; so another form of over-current protection is required, such
as a fuse, circuit breaker, or relay [20]. For the purposes of this thesis, it is
assumed that some form of over-current protection is present to limit and
stop any short-circuit currents.
4.3.2 Open-Circuit Switch Fault
4.3.2.1 Analysis
An open-circuit fault of a switch would block current in one direction, while
the reverse diode of the component may still allow conduction in the reverse
direction. This makes it slightly more diﬃcult to detect switch faults, since
they can only be detected when the phase current is ﬂowing in the forward
direction. In Figure 4.6, the forward direction is taken to be the ﬂowing
downward through each switch (thus the reverse diodes shown allow current
in the reverse direction). 1
1This direction also agrees with the direction of positive current ﬂowing out of the
battery, which is the case when the battery is discharging and the machine is acting as
a motor. This is not the only possible direction of current ﬂow, however, because of
regenerative braking as well as PWM control.
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Figure 4.6: Circuit diagram, including switch numbers and reverse diodes.
Here we deﬁne the expected DC current into the inverter in terms of the
phase currents of the motor and the switching signals of the inverter. If all
switches were switching properly, the DC current into the inverter would be
iˆφ = ia (σa − σc) + ib (σb − σc) . (4.45)
If switch #1 fails to conduct in either direction, then the actual DC-side
inverter current would be
iφ = ia (σa − σc) + ib (σb − σc)− iaσa. (4.46)
Alternatively, if switch #2 is the faulty switch (also failing to conduct at all),
then the DC current becomes
iφ = ia (σa − σc) + ib (σb − σc) + ia (1− σa) . (4.47)
As mentioned above, it is possible for the active switch to fail while the
reverse diode continues to function. In that case the inverter current draw
for a switch #1 fault would be
iφ =
ia (σa − σc) + ib (σb − σc) ia ≤ 0ia (σa − σc) + ib (σb − σc)− iaσa ia > 0 . (4.48)
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Thus, the switch #1 fault would only be detectable while ia > 0. Similarly,
an open-circuit fault of switch #2 with its reverse diode intact would yield
iφ =
ia (σa − σc) + ib (σb − σc) ia ≥ 0ia (σa − σc) + ib (σb − σc) + ia (1− σa) ia < 0 , (4.49)
which means that a switch #2 open circuit fault could only be detected while
ia < 0. Table 4.1 summarizes the conditions for detecting each open switch
fault, and the resulting error signals.
Table 4.1: Error Signals for Open-Circuit Switch Faults
Switch Fault Error Signal iφ − iˆφ Switch Trajectory Condition
#1 Open −ia 1−− ia > 0
#2 Open ia 0−− ia < 0
#3 Open −ib − 1− ib > 0
#4 Open ib − 0− ib < 0
#5 Open −ic −− 1 ic > 0
#6 Open ic −− 0 ic < 0
Maintaining the model of Section 3.1.3, the residual for an open-circuit
switch fault on switch #1, assuming reverse diode conduction, can be found
from
x˙ =
d
dt
[
iL
vC
]
=
[
−RL−RC
L
− 1
L
1
C
0
][
iL
vC
]
+
[
1
L
RC
L
0 − 1
C
][
vin
iφ
]
+
+
[
RC
L
− 1
C
]
(−i∗a) (4.50)
y =
[
i′L
v′DC
]
=
[
1 0
RC 1
][
iL
vC
]
+
[
0 0
0 −RC
][
vb
iφ
]
, (4.51)
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where i∗a is deﬁned by
i∗a =
0 ia ≤ 0σaia ia > 0 . (4.52)
Then the fault signature from Equation (2.8) is described simply as
φ (t) = −i∗a (4.53)
f =
[
RC
L
− 1
C
]
(4.54)
θ (t) g = 0. (4.55)
In the form of Equation (2.10) the following error dynamics are found:
˙ =
[
˙i
˙v
]
= −µ
[
i
v
]
− i∗a
[
RC
L
− 1
C
]
. (4.56)
Note that the dynamics for other switch faults all contain the same vector,
but depend on phase currents diﬀerently. Thus, the fault unit vector for all
open-circuit switch faults would be
h5 =
((
RC
L
)2
+
(
− 1
C
)2)−1/2 [ RC
L
− 1
C
]
, (4.57)
and the equation for detection of these faults is
ρ5 =

0
∣∣∣∣∣∣
((
RC
L
)2
+
(
− 1
C
)2)−1/2 [ i
inom
v
vnom
] RCL
− 1
C
∣∣∣∣∣∣ < λ5
1
∣∣∣∣∣∣
((
RC
L
)2
+
(
− 1
C
)2)−1/2 [ i
inom
v
vnom
] RCL
− 1
C
∣∣∣∣∣∣ ≥ λ5.
(4.58)
However, Equation (4.58) only detects whether a switch fault has occurred,
and does not tell which switch is faulty. Based on the information in Table
4.1, the ﬁlter must use information from the phase currents to determine
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where the switch fault has occurred. This can be accomplished by a look-up
table. The ﬁlter would simply record the switching trajectory and direction
of phase currents when the error is at its highest, and use those two pieces
of information to ﬁnd from Table 4.1 which switch is faulty.
If the reverse diode remains intact, the error signal for a single open-circuit
switch fault is present for 25% of the time, after switch trajectory and current
directions are considered. Since the phase currents are the actual stator
currents of the motor, they will change sign (direction of current ﬂow) at the
stator electrical frequency. The inverter switching frequency is assumed to
be much faster than the stator frequency, so the limiting factor is the stator
frequency. As shown in Table 4.1, the ability to detect a switch fault depends
on the direction of the phase current. Thus the ﬁlter may have a delay of
up to one-half of a stator current cycle, waiting for the current to change
direction.2
4.3.2.2 Simulation Results
The switch fault was the most challenging fault type to detect. The detection
ﬁlter was simulated with an open-circuit switch fault introduced on switch 1
at various points in time. It was found that the timing of the fault determined
the magnitude of the jump in capacitor voltage error, shown in Figure 4.7.
This was because the instantaneous magnitude of the A-phase current at the
time of the fault determined the initial error. Therefore one must not rely on
the initial error peak for fault detection, since it cannot be predicted. After
the transient decayed, there was an added ripple pattern in the capacitor
voltage error. While not much larger than the no-fault error, this error could
still be used for fault detection. In order to detect the switch fault, the ﬁlter
gains needed to be exaggerated to pick up the smallest error signal. This
succeeded in detecting the switch fault when it occurred, but unfortunately
it triggered several other fault type signals. Thus the ﬁlter was unable to
reliably distinguish switch faults from other fault types.
2One-half stator cycle is a reasonable wait time for detection of an open-circuit fault,
since an open-circuit fault by itself is not particularly dangerous to the operator or to
other components. It merely blocks current in one direction, which degrades the function
of the drive system but is not destructive.
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Figure 4.7: Simulation results for an open-circuit switch fault at t = 0.5 s.
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Chapter 5
CONCLUDING REMARKS
A technique for observer-based fault detection of power electronics systems
was applied to electric vehicle motor drive systems. It is the author's sin-
cere desire that this work will contribute in some small way to the ﬁeld of
fault detection and isolation, working toward the goal of electriﬁcation of the
transportation industry.
Since it utilizes existing sensors and available data, this method does not
require any dedicated hardware. The intent of this work was to present a
fault detection strategy that can be integrated into the control programming
of a motor drive DSP. However, the continuous-time state space models used
here still must be translated into discrete-time to make eﬃcient use of the
DSP. There is ongoing work in this research group to implement observer-
based fault detection on inverter hardware with an existing DSP.
The case studies presented are applicable to any type of three-phase electric
machine, including induction machines and permanent magnet synchronous
machines. The model is applicable to various types of electric vehicles, in-
cluding electric passenger vehicles, electric motorcycles, electric trains, and
heavy-duty hybrid-electric tractors. It also could have applications to other
systems that use power inverters, such as photovoltaic power production,
wind turbines.
This type of fault detection can also be applied to many other ﬁelds. The
concepts discussed in Chapter 2 are generic enough to apply to any system
that can be represented with a linear state space model. They could certainly
be applied to any type of power electronics converter, but also many other
types of engineered systems.
However, as was found here, some systems have features that make it very
diﬃcult to distinguish fault types. In this case, the battery line inductance
was so small that some of the fault vectors were extremely unbalanced. De-
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tecting some faults, such as sensor faults and switch faults, was particularly
troublesome, putting practical limitations on the applicability of this method.
Another key limitation is that the model used had only two state variables,
limiting the error vector to two dimensions. A possible solution would be to
incorporate the electromechanical machine into the state space model. This
would make a good topic for future research, but would also require separate
models for every type of machine.
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Appendix A
CASE STUDY PARAMETERS
Table A.1 lists the various parameters of the motor drive system used for all
the case studies. Table A.2 gives the gain constants of the detection ﬁlter.
Table A.1: Motor Drive Parameters
Name Description Value Units
p Number of pole pairs 2 none
J Rotor inertia 0.04 kg ·m2
F Friction coeﬃcient 0.01 kg·m2/s
RS Stator winding resistance 1.683 Ω
LS Stator winding leakage inductance 3.904 mH
R′R Rotor resistance (referred) 1.343 Ω
L′R Rotor leakage inductance (referred) 4.257 mH
LM Magnetizing inductance 152.1 mH
RB Battery bank combined internal resistance 0.1 Ω
Vint Battery internal voltage 240 V
L Battery connection line inductance 10 µH
RL Battery connection line resistance 0.001 Ω
C DC capacitor bank 0.001 F
RC Capacitor bank combined ESR 0.001 Ω
Ron IGBT on-resistance 0.05 Ω
Vf IGBT forward voltage 0.9 V
VD Reverse diode forward voltage 0.8 V
RD Reverse diode on resistance 0.1 Ω
k0 Static load constant 0.01 N ·m
k1 Proportional load constant 0.01 N ·m · s
k2 Degree two (ω
2) load constant 0.0001 N ·m · s2
40
Table A.2: Detection Filter Gain Constants
Name Description Value
µ Observer gain constant 50
inom Nominal battery current constant 8.0 A
vnom Nominal capacitor voltage constant 1.0 V
λ1 Capacitor fault gain constant 0.02
λ2 Battery line fault gain constant 0.02
λ3 Current sensor fault gain constant 0.02
λ4 Voltage sensor fault gain constant 0.02
λ5 Switch fault gain constant 0.04
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Appendix B
MATLAB CODE FOR SIMULATION AND
FAULT DETECTION
B.1 Matlab Code for Initializing the Model before
Simulations
%Machine parameters
wbase = 2∗ pi ∗60 ;
Rc = 673 . 7 ; %core l o s s , neg l e c t ed
Rs = 1 . 3 4 3 ;
Rr = 1 . 6 8 3 ; %a l l r o t o r va lue s r e f e r r e d to s t a t o r s i d e
Xm = 57 . 3 4 ;
Lm = Xm/wbase ; %magnet iz ing (mutual ) inductance
Xlr = 1 . 6 0 5 ;
L l r = Xlr /wbase ;
Xls = 1 . 4 7 2 ;
L l s = Xls /wbase ;
Lss = Ll s + Lm;
Lrr = Ll r + Lm;
po l e s = 4 ;
IM_J = 0 . 0 4 ;
k f = 0 . 0001 ; %Tf = kf ∗omega
kw = 0 .000001 ; %Tw = kw∗omega^2
%t r a c t i o n load
k0 = 0 . 0 1 ;
k1 = 0 . 0 1 ;
k2 = 0 . 0001 ;
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%Inve r t e r /Control parameters
wset = 400 ;
fsw = 5000 ;
Vrate = 240 ;
ke = Vrate/wbase ;
Vmin = 1 ;
% sim parameters
Tsim = 0 . 1 6 ;
Tstep = 0 . 1 ;
wr_0 = 180 ; %wset ∗9/20;
%Inve r t e r va lue s
Vdc0 = 240 ;
Vnom = Vdc0 ;
Rsnom = 0 . 4 1 6 ; %Ohm, nominal winding r e s i s t a n c e
Lsnom = 0 . 0 0 5 ; %H, nominal s e l f inductance
Cnom = 0 . 0 0 1 ; %F, nominal i n v e r t e r dc bus capac i tance
Rcnom = 0 . 0 0 1 ;
Rbattnom = 0 . 1 ; %Ohm, i n t e r n a l r e s i s t a n c e o f bat te ry bank
Ldcnom = 0 .00001 ;
Rlnom = 0 . 0 0 1 ; %r e s i s t a n c e o f bat te ry wire
Idc0 = 2 ;
%Detect ion f i l t e r ga ins
mu = 50 ;
inom = 8 ;
vnom = 1 ;
lam1 = 0 . 0 2 ;
lam2 = 0 . 0 2 ;
lam3 = 0 . 0 2 ;
lam4 = 0 . 0 2 ;
lam5 = 0 . 0 4 ;
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B.2 Simulink Sub-System for Detection Filter
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Figure B.1: Simulink sub-system for detection ﬁlter.
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B.3 Matlab Code for Observer Block
f unc t i on [ ibat tdot , vcapdot ] = fcn ( ibat that , vcaphat ,
qa , qb , qc , ibat t , vdc , ia , ib , vbatt ,
Ldcnom ,Rlnom ,Rcnom,Cnom,mu)
%s i g n a l c ond i t i on ing
i f qa > 0
sa = 1 ;
% e l s e i f qa < 0
% sa = −1;
e l s e
sa = 0 ;
end
i f qb > 0
sb = 1 ;
% e l s e i f qa < 0
% sb = −1;
e l s e
sb = 0 ;
end
i f qc > 0
sc = 1 ;
% e l s e i f qc < 1
% sc = −1;
e l s e
sc = 0 ;
end
%se t up matrix equat ion
A = [(−Rlnom−Rcnom)/Ldcnom −1/Ldcnom ;
1/Cnom 0 ] ;
B = [1/Ldcnom Rcnom/Ldcnom ;
0 −1/Cnom ] ;
C = [1 0 ; Rcnom 1 ] ;
D = [0 0 ; 0 −Rcnom ] ;
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L = (A + mu∗ eye (2 ) ) /C;
y = [ i b a t t ; vdc ] ;
u = [ vbatt ; iph ] ;
xhat = [ i ba t tha t ; vcaphat ] ;
yhat = C∗xhat + D∗u ;
%so l v e f o r d e r i v a t i v e s o f obse rve r s t a t e s
xhatdot = A∗xhat + B∗u + L∗(y − yhat ) ;
%xhatdot = −mu∗Imat∗xhat + B∗u + (A+mu∗Imat )∗x ;
i ba t tdo t = xhatdot ( 1 ) ;
vcapdot = xhatdot ( 2 ) ;
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B.4 Matlab Code for Fault Detection Filter Block
f unc t i on [ f1 , f2 , f3 , f4 , f5 , rho1 , rho2 , rho3 , rho4 , rho5 , f out ]
= fcn ( e i , ev , inom , vnom ,mu, Rl , L ,Rc ,C, lam1 ,
lam2 , lam3 , lam4 , lam5 , p1 , p2 , p3 , p4 , p5 , f i n )
h i = e i /inom ;
hv = ev/vnom ;
f1 = ( h i ∗0 + hv∗1)/ lam1 ;
f 2 = ( h i ∗1 + hv∗0)/ lam2 ;
f 3 = ( (mu−Rl/L)^2+(1/C−mu∗Rc)^2)^(−1/2)∗( h i ∗(mu−Rl/L)
+ hv∗(1/C−mu∗Rc))/ lam3 ;
f 4 = ((1/L)^2+(mu)^2)^(−1/2)∗( h i∗−1/L + hv∗mu)/ lam4 ;
f 5 = ( (Rc/L)^2+(1/C)^2)^(−1/2)∗( h i ∗Rc/L − hv/C)/ lam5 ;
f out = 0 ;
i f f i n < 0 .5
i f abs ( f 1 ) > 1
rho1 = 1 ;
f out = 1 ;
e l s e
rho1 = 0 ;
end
i f abs ( f 2 ) > 1
rho2 = 1 ;
f out = 1 ;
e l s e
rho2 = 0 ;
end
i f abs ( f 3 ) > 1
rho3 = 1 ;
f out = 1 ;
e l s e
rho3 = 0 ;
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end
i f abs ( f 4 ) > 1
rho4 = 1 ;
f out = 1 ;
e l s e
rho4 = 0 ;
end
i f abs ( f 5 ) > 1
rho5 = 1 ;
f out = 1 ;
e l s e
rho5 = 0 ;
end
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Appendix C
SIMULINK MODELS FOR INDIVIDUAL
CASE STUDIES
Figures C.1 and C.2 show the Simulink block diagram and PLECS model,
respectively, for simulating the capacitor fault. Figures C.3 and C.4 show
the models for the battery line fault. Figures C.5 and C.6 show the models
for the current sensor fault. Figures C.7 and C.8 show the models for the
voltage sensor fault. Figures C.9 and C.10 show the models for the open-
circuit switch fault.
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Figure C.1: Simulink block diagram for capacitor fault.
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Figure C.3: Simulink block diagram for battery connection fault.
Detailed
2-Level
IGBT
Conv.
PWM
Out1
IM2
Tm m
V_dc
10
wm
Tload
Tl wm
A
Am1
5
ibatt
6
vdc
A
Am2
A
Am3
A
Am4
2
ia
3
ib
4
ic
VVm2 1
vbatt
7
qa
8
qb
9
qc
L1
R2
1
Rcfault
VVm3
2
Cfault
R3
C2C3
S1
S2
R4
R5
R6
3
Lfault
S3
Figure C.4: PLECS circuit model for battery connection fault.
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Figure C.5: Simulink block diagram for current sensor fault.
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Figure C.7: Simulink block diagram for voltage sensor fault.
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